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1
IMAGE PROCESSING METHOD,
APPARATUS, AND DEVICE, PATH
PLANNING METHOD, APPARATUS, AND
DEVICE, AND STORAGE MEDIUM

RELATED APPLICATION

This application is a continuation of International Patent
application No. PCT/CN2020/128292, filed on Nov. 12,
2020, which claims priority to Chinese Patent Application
No. 202010141219.9, filed on Mar. 4, 2020. The disclosures
of the prior applications are hereby incorporated by refer-
ence in their entirety.

FIELD OF THE TECHNOLOGY

This application relates to the field of artificial intelli-
gence and computer vision technologies, including an image
processing method, apparatus, and device, a path planning
method, apparatus, and device, and a storage medium.

BACKGROUND OF THE DISCLOSURE

Depth perception is an important part of many computer
vision tasks, such as automatic navigation and augmented
reality. A common depth perception method is based on a
high-precision depth sensor. However, a commodity-level
sensor can generate a sparse depth map, and cannot meet a
high-level application requirement, such as path planning
and obstacle avoidance.

SUMMARY

Aspects of the disclosure can provide a method of depth
map completion. A color map and a sparse depth map that
are corresponding to a target scenario can be received.
Resolutions of the color map and the sparse depth map are
adjusted to generate n pairs of color maps and sparse depth
maps of n different resolutions. Each pair can include one
color map and one sparse depth map of the same respective
resolution, n can be a positive integer greater than 1. The n
pairs of color maps and the sparse depth maps can be
processed to generate n prediction result maps using a
cascade hourglass network including n levels of hourglass
networks cascaded together. Each of the n pair is input to a
respective one of the n levels to generate the respective one
of the n prediction result maps. The n prediction result maps
each include a dense depth map of the same resolution as the
corresponding pair. A final dense depth map corresponding
10 the target scenario can be generated according to the
dense depth maps of the n prediction result maps.

Aspects of the disclosure can provide an apparatus for
information processing. The apparatus can include process-
ing circuitry configured to receive a color map and a sparse
depth map that are corresponding to a target scenario.
Resolutions of the color map and the sparse depth map are
adjusted to generate n pairs of color maps and sparse depth
maps of n different resolutions. Each pair can include one
color map and one sparse depth map of the same respective
resolution, n can be a positive integer greater than 1. The n
pairs of color maps and the sparse depth maps can be
processed to generate n prediction result maps using a
cascade hourglass network including n levels of hourglass
networks cascaded together. Each of the n pair is input to a
respective one of the n levels to generate the respective one
of the n prediction result maps. The n prediction result maps
each include a dense depth map of the same resolution as the
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corresponding pair. A final dense depth map corresponding
to the target scenario can be generated according to the
dense depth maps of the n prediction result maps.

Aspects of the disclosure can provide a non-transitory
computer-readable storage medium storing instructions,
which when executed by at least one processor, cause the at
least one processor to perform the method of depth map
completion.

The techniques disclosed herein may bring the following
beneficial effects. A color map and a sparse depth map
corresponding to a target scenario are obtained, then reso-
Iutions of the color map and the sparse depth map are
adjusted to obtain color maps and sparse depth maps in
multiple types of resolutions (having different resolutions),
and a cascade hourglass network is invoked to process the
color maps and the sparse depth maps in the multiple types
of resolutions to obtain prediction result maps in the mul-
tiple types of resolutions. A prediction result map in each
resolution includes a dense depth map in the respective
resolution. A computer device may generate, according to
the dense depth maps in the multiple types of resolutions, a
final dense depth map corresponding to the target scenario,
thereby providing a manner of generating a dense depth map
by filling in pixels in a sparse depth map, that is, providing
a depth completion manner.

In addition, in the embodiments of this application,
because different features of an object in the target scenario
are highlighted by using color maps and sparse depth maps
in different resolutions, the color maps and the sparse depth
maps in different resolutions are inputted to each level of the
hourglass network, so that the different features of the object
in the target scenario can be emphatically predicted or
captured. Compared with a solution of extracting and pre-
dicting all features of the object in the target scenario from
each level of hourglass network, which causes a large
operation amount of the cascade hourglass network, and
different types of features of the predated object fail to be
extracted and predicted differently. In the embodiments of
this application, different extraction and prediction manners
are used for different features of the object in the target
scenario in the cascade hourglass network, and different
portion of the features of the object in the target scenario are
specially predicted with different portions of each level of
hourglass network. While reducing processing overheads of
the computer device and the operation amount of the hour-
glass network, the different features of the object in the
target scenario can be captured and predicted, so that a depth
completion result, that is, the final dense depth map corre-
sponding to the target scenario, is more accurate.

BRIEF DESCRIPTION OF THE DRAWINGS

To describe the technical solutions in embodiments of this
application more clearly, the following briefly describes the
accompanying drawings for describing the embodiments.
The accompanying drawings in the following description
show merely some embodiments of this application, and a
person of ordinary skill in the art may still derive other
drawings from these accompanying drawings.

FIG. 1 is a schematic diagram of an implementation
environment according to an embodiment of this applica-
tion.

FIG. 2 is a flowchart of an image processing method
according to an embodiment of this application;

FIG. 3 is a flowchart of an operation method of a cascade
hourglass network according to an embodiment of this
application.
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FIG. 4 is a schematic diagram of resolution conversion
according to an embodiment of this application.

FIG. 5 is a schematic structural diagram of an hourglass
network according to an embodiment of this application.

FIG. 6 is a schematic diagram of different data fusion
manners according to an embodiment of this application.

FIG. 7 is a flowchart of a path planning method according
to an embodiment of this application.

FIG. 8 is a flowchart of an image processing and path
planning method according to an embodiment of this appli-
cation.

FIG. 9 is a block diagram of an image processing appa-
ratus according to an embodiment of this application.

FIG. 10 is a block diagram of an image processing
apparatus according to another embodiment of this applica-
tion.

FIG. 11 is a structural block diagram of a mobile appa-
ratus according to an embodiment of this application.

FIG. 12 is a structural block diagram of a computer device
according to an embodiment of this application.

DESCRIPTION OF EMBODIMENTS

To make the objectives, technical solutions, and advan-
tages of this application clearer, the following further
describes the implementations of this application in detail
with reference to the accompanying drawings.

In some examples, a quantity of effective points in a
sparse depth map is increased by using depth completion to
generate a dense depth map. Depth completion is mainly
completed by using an hourglass network, and a sparse
depth map is inputted into the hourglass network to output
a dense depth map. The hourglass network may be divided
into a contraction part and an expansion part. The contrac-
tion part extracts multiple features of a sparse depth map by
using a series of downsampling convolution, and the expan-
sion part gradually receives these features from the contrac-
tion part, so as to obtain a dense depth map corresponding
to a resolution of the sparse depth map. However, depth
completion for a sparse depth map is that all features in a red
green blue (RGB) image corresponding to the sparse depth
map are extracted in the same manner, a network structure
used is single, and mining of depth information is lacked.

Artificial intelligence (AI) can be a theory, a method, a
technology, or an application system in which a digital
computer or a machine controlled by a digital computer is
used to simulate, extend, and expand human intelligence,
sense an environment, acquire knowledge, and use the
knowledge to obtain an optimal result. In other words, the Al
is a comprehensive technology of computer science, which
attempts to understand essence of intelligence and produces
a new intelligent machine that can respond in a manner
similar to human intelligence. In Al, the design principles
and implementation methods of various intelligent machines
are studied to enable the machines to have the capabilities of
perception, reasoning, and decision-making.

The Al technology is a comprehensive discipline, cover-
ing a wide range of fields including both a hardware-level
technology and a software-level technology. The Al tech-
nologies generally can be applied to a sensor, a dedicated Al
chip, cloud computing, distributed storage, a big data pro-
cessing technology, an operation/interaction system, or
mechatronics. Al software technologies mainly can include
fields such as a computer vision technology, a speech
processing technology, a natural language processing tech-
nology, and machine learning (ML)/deep learning (DL).
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The computer vision (CV) technology has been developed
to solve the issue of how to use a machine to “see”, and
furthermore, how to use a camera and a computer to replace
human eyes to perform machine vision such as recognition,
tracking, and measurement on an object, and further perform
graphic processing, so that the computer processes the
object into an image more suitable for human eyes to
observe, or an image transmitted to an instrument for
detection. As a scientific discipline, computer vision studies
related theories and technologies and attempts to establish
an Al system that can obtain information from images or
multidimensional data. The CV technologies generally
include technologies such as image processing, image rec-
ognition, image semantic understanding, image retrieval,
optical character recognition (OCR), video processing,
video semantic understanding, video content/behavior rec-
ognition, 3D object reconstruction, a 3D technology, virtual
reality, augmented reality, synchronous positioning, and
map construction, and further include biometric feature
recognition technologies such as common face recognition
and fingerprint recognition.

With the development of the AI technology, the Al
technology can be applied to a plurality of fields, such as a
common smart home, a smart wearable device, a virtual
assistant, a smart speaker, smart marketing, unmanned driv-
ing, automatic driving, an unmanned aerial vehicle, a robot,
smart medical care, and smart customer service. It is
believed that with the development of technologies, the Al
technology will be applied in more fields, and play an
increasingly important role.

The technical solutions provided in the embodiments of
this application are related to the CV technologies and are
specifically described by using the embodiments.

FIG. 1 is a schematic diagram of an implementation
environment according to an embodiment of this applica-
tion. The implementation environment includes a laser
radar(s) 10, a camera(s) 20, and a computer device 30.

The laser radar 10 is an active remote sensing device that
uses a laser as a light emitting source and uses a photoelec-
tric detection technology, to detect a characteristic quantity
such as a position and a speed of a target object by emitting
a laser beam. In some embodiments, the laser radar 10 is
mounted with a light detection and ranging (LiDAR) for the
purpose of detection. In an example, the laser radar 10
acquires radar point cloud data by scanning, that is, emitting
a laser beam, and the radar point cloud data has a three-
dimensional characteristic. In some embodiments, mapping
the radar point cloud data to a two-dimensional plane may
generate a depth map, and a value of each pixel in the depth
map represents a distance from the point to the laser radar
10. The laser radar 10 may also be implemented as (or
replaced with) another type of sensor to generate a depth
map in various embodiments.

The camera 20 is a device configured to collect an image
of'a scenario. For example, the camera 20 is a color camera,
and is configured to collect an RGB image corresponding to
a scenario. The RGB image may have a relatively high or
low resolution.

In an example, the laser radar 10 and the camera 20 may
be mounted on the same mobile apparatus (which may also
be referred to as a mobile platform) that has a high-level
application associated, for example, mounted on a mobile
robot or an unmanned vehicle. In other embodiments, one
laser radar 10 and one camera 20 are mounted on a mobile
apparatus, or multiple laser radars 10 and multiple cameras
20 are mounted on the mobile apparatus. This disclosure
imposes no limitation on a quantity of the laser radar 10 and
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the camera 20 that are mounted on the mobile apparatus. In
some examples, the quantity may be specifically determined
with reference to a movement range and a precision con-
figuration of the mobile apparatus. For example, the laser
radar 10 mounted in the mobile apparatus may detect an
object in the target scenario to acquire radar point cloud data,
and generate a depth map according to the radar point cloud
data. Because a resolution of the laser radar 10 is relatively
low in some examples, a small quantity of point cloud data
can be acquired, that is a quantity of pixels is relatively
small, and therefore, the depth map is relatively sparse,
which is usually referred to as a sparse depth map. In some
examples, a dense depth map may be generated. The camera
20 in the mobile apparatus may collect an image of the target
scenario to acquire an RGB image of the target scenario. In
an example, the RGB image may display the target scenario
at a relatively high resolution, provide high resolution opti-
cal description of the target scenario, and cannot be used for
directly acquiring depth data of the target scenario. Based on
this, the disclosure provides an image processing method.
The image processing method may be applied to a computer
device 30 by complementing a sparse depth map into a dense
depth map with reference to an RGB image (with a high or
low resolution). The image processing method can also be
applied to a dense depth map to obtain a denser depth map.

The computer device 30 refers to a device that has an
image processing and data analysis capability, such as a
personal computer (PC) and or a server that have a data
storage capability and/or a data processing capability, or
may be a terminal such as a mobile phone, a tablet computer,
a multimedia playback device, or a wearable device, or may
be another computer device. This is not limited in this
disclosure. Optionally, when the computer device 30 is a
server, the computer device 30 may be one server, a server
cluster including multiple servers, or one cloud computing
service center.

The computer device 30 can be configured with an
hourglass network, and the hourglass network may process
a sparse depth map and an RGB image. In some embodi-
ments, the hourglass network is a cascade hourglass net-
work. In this disclosure, a number of levels of the cascade
hourglass network is not limited. In some examples, the
computer device 30 is independent from a mobile apparatus,
or the computer device 30 is implemented as a computing
processing apparatus or the like and is mounted in the
mobile apparatus. It is to be understood that, for ease of
description, the computer device 30 and the mobile appa-
ratus being separate is merely used as an example for
description in FIG. 1, but this does not constitute a limitation
on a relationship between the computer device 30 and the
mobile apparatus.

In an example, the computer device 30 and the laser radar
10, and the computer device 30 and the camera 20 commu-
nicate with each other by using a network(s). Optionally, an
apparatus with a data storage and collection function may be
disposed in the mobile apparatus mounted with the laser
radar 10 and the camera 20. The apparatus may be imple-
mented as a computer device, may be implemented as a
storage medium, or may be implemented as a chip. This is
not limited in this disclosure. Further, the apparatus may
separately obtain data from the laser radar 10 and the camera
20, and then communicate with the computer device 30 by
using a network. For example, the network is a wired
network or a wireless network. In an example, the computer
device acquires a sparse depth map corresponding to a target
scenario from the laser radar 10, acquires an RGB image
corresponding to the target scenario from the camera 20, and
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then invokes a cascade hourglass network, and complements
(or complete) the sparse depth map to a dense depth map
corresponding to the target scenario under guidance of the
RGB image.

FIG. 2 is a flowchart of an image processing method
according to an embodiment of this application. The method
may be applied to the computer device described above. The
method may include the following steps.

In Step 210, a color map and a sparse depth map that are
corresponding to a target scenario can be obtained.

The target scenario is a scenario corresponding to an
environment in which a mobile apparatus is located. The
mobile apparatus refers to a platform that can move actively
or passively, for example, an intelligent robot, an unmanned
vehicle, or an unmanned aircraft. A type and a movement
manner of the mobile apparatus are not limited in this
disclosure.

An image collection device is positioned in the target
scenario, and the image collection device collects a color
map and a sparse depth map that are corresponding to the
target scenario. Alternatively, the mobile apparatus is
mounted with an image collection device or an image
collection apparatus, such as a laser radar or a camera, to
collect an image of the target scenario. A specific mounting
manner of the image collection device or the image collec-
tion apparatus is not limited in this disclosure. For example,
the mobile apparatus is mourned with a color camera and a
laser radar. The color camera may photograph the target
scenario to form a color map corresponding to the target
scenario. The color map may be an RGB picture, or may be
a grayscale picture or a gray scale picture. The color map
may be referred to as a color image in some examples. A
type of the color map is not limited in this disclosure. An
object in the target scenario is probed by using the laser radar
to acquire radar point cloud data corresponding to the target
scenario.

To reduce processing overheads and improve an operation
speed of the computer device, a two-dimensional image can
be used in a process of executing an example of the method
in this application. Therefore, in an embodiment, the com-
puter device may convert a three-dimensional image or
three-dimensional data into a two-dimensional image or
two-dimensional data. For example, the color camera col-
lects an RGB image corresponding to the target scenario.
The computer device may convert the RGB image into a
grayscale map, so as to ignore color information of the target
scenario, reduce unnecessary information amount, and
reduce processing overheads. For example, the laser radar
collects radar point cloud data, and the computer device may
further generate a depth map according to the radar point
cloud data. In an example, the depth map is a sparse depth
map, that is, a depth map with a number of pixels less than
a preset quantity. The disclosure sets no limitation on a
sequence of processing the RGB image and the radar point
cloud data. The RGB image and the radar point cloud data
may be processed simultaneously, the RGB image may be
processed before the radar point cloud data is processed, or
the radar point cloud data may be processed before the RGB
image is processed.

In an example, an example that the color map is a
grayscale image is used for description, and the color map
may be alternatively implemented as an RGB image or other
types of image. This is not limited in this disclosure.

In an example, in addition to the color camera and the
laser radar, the mobile apparatus may further be mounted
with an apparatus with a data collection and storage func-
tion. The apparatus may be implemented as a chip, a storage



US 12,293,532 B2

7

medium, a computer device, or the like. The apparatus can
acquire the RGB image collected by the color camera and
the radar point cloud data collected by the laser radar,
generate a grayscale image according to the RGB image,
generate a sparse depth map according to the radar point
cloud data, and send the processed grayscale image and
sparse depth map to the computer device used for image
processing in this embodiment of this application.

In Step 220, resolutions of the color map and the sparse
depth map are adjusted to obtain color maps and sparse
depth maps in n types of resolutions.

After acquiring the color map and the sparse depth map,
the computer device adjusts the resolutions of the color map
and the sparse depth map to obtain the color maps and the
sparse depth maps in n types of resolutions, where n is a
positive integer, and optionally, n is a positive integer greater
than 1. In some embodiments, the computer device adjusts
the resolutions of the color map and the sparse depth map
directly by means of compression software, or by means of
a sampling function. In some embodiments, the computer
device reduces the resolutions of the color map and the
sparse depth map, or increases the resolutions of the color
map and the sparse depth map.

There is an association between a resolution of an image
and a size of the image. A larger resolution of the image
results in a larger size of the image. A smaller resolution of
the image results in a smaller size of the image. Therefore,
in an embodiment, adjusting the resolutions of the color map
and the sparse depth map means adjusting sizes of the color
map and the sparse depth map, to obtain the color maps and
the sparse depth maps in n types of sizes. By adjusting the
resolutions of the color map and the sparse depth map,
different features of an object in the target scenario may be
highlighted. For example, when the resolutions of the color
map and the sparse depth map are reduced, the sizes of the
color map and the sparse depth map are reduced, and overall
contour information of the object in the target scenario is
highlighted. In a case in which the resolutions of the color
map and the sparse depth map are increased, the sizes of the
color map and the sparse depth map increase, and local
detail information of the object in the target scenario is
highlighted.

In Step 230, a cascade hourglass network to process the
color maps and the sparse depth maps in the n types of
resolutions can be invoiced to obtain prediction result maps
in the n types of resolutions.

An hourglass network refers to a convolutional neural
network structure that can identify or predict an image by
using multi-layer convolutional features of an image. The
computer device invokes the hourglass network to process
an image to obtain a prediction result corresponding to the
image. A cascade hourglass network, also referred to as a
stacked hourglass model (SHM), refers to a network struc-
ture in which multiple hourglass networks are connected in
series.

In an example, the computer device invokes the cascade
hourglass network to process the color maps and the sparse
depth maps in n types of resolutions. Each level of hourglass
network in the cascade hourglass network may process color
maps and sparse depth maps in different resolutions.
Because features of the object in the target scenario that are
highlighted by the color maps and the sparse depth maps in
different resolutions are different, each level of hourglass
network may emphatically predict different features of the
object in the target scenario in a processing process. For
example, if a level of hourglass network processes a color
map and a sparse depth map in a relatively high resolution,
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the hourglass network predicts locally-detailed features of
the object (due to a smaller filter perception field) in the
target scenario. If a level of hourglass network processes a
color map and a sparse depth map in a lower resolution, the
level of hourglass network predicts overall-contour features
of the object (due to a larger filter perception field) in the
target scenario.

Each level of hourglass network in the cascade hourglass
network may output prediction result maps corresponding to
resolutions of an inputted color map and sparse depth map.
That is, the computer device invokes the cascade hourglass
network to process the color maps and the sparse depth maps
in the n types of resolutions, so as to obtain the prediction
result maps in the n types of resolutions. In a process in
which the computer device invokes the cascade hourglass
network to process the color maps and the sparse depth maps
in the n types of resolutions, a color map in each resolution
is used for instructing the hourglass network to fill in pixels
in the sparse depth map in the resolution, so as to obtain a
dense depth map in the resolution. Therefore, the prediction
result maps in the n types of resolutions as obtained by the
computer device include the dense depth maps in the n types
of resolutions.

In some embodiments, a current-level hourglass network
in the cascade hourglass network is configured to process a
prediction result map(s) corresponding to a previous-level
hourglass network, and a color map and a sparse depth map
in a resolution type corresponding to the current-level hour-
glass network, to obtain a prediction result map in the
resolution type corresponding to the current-level hourglass
network. The prediction result map(s) corresponding to the
previous-level hourglass network is obtained after resolution
conversion (for example, upsampling) is performed on a
prediction result map(s) in a resolution type corresponding
to the previous-level hourglass network.

In Step 240, according to the dense depth maps in the n
types of resolutions, a dense depth map corresponding to the
target scenario can be generated.

Each level of hourglass network in the cascade hourglass
network highlights different features of the object in the
target scenario. Therefore, to obtain a relatively comprehen-
sive prediction result for the target scenario, the computer
device may generate, according to the dense depth maps in
the n types of resolutions that are outputted by the cascade
hourglass network, the dense depth map corresponding to
the target scenario. In some embodiments, the computer
device combines the dense depth maps in the n types of
resolutions by using a residual connection to generate the
dense depth map corresponding to the target scenario. Alter-
natively, the computer device extracts pixels of the dense
depth maps in the n types of resolutions, and then combines
the pixels to generate the dense depth map corresponding to
the target scenario.

In an example, the computer device first adjusts a reso-
Iution of a dense depth map outputted by each level of
hourglass network, so that the dense depth map correspond-
ing to the target scenario is generated according to dense
depth maps in the same resolution, thereby reducing opera-
tion complexity of the computer device in a process of
generating the dense depth map corresponding to the target
scenario. For example, step 240 can include converting
resolutions of the dense depth maps in the n types of
resolutions into a preset resolution to obtain n dense depth
maps in a same resolution; and combining the n dense depth
maps in the same resolution by using a residual connection,
to obtain the dense depth map corresponding to the target
scenario. The preset resolution is a preset resolution size. In
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an embodiment, the computer device may preset a value of
the preset resolution. For example, the value of the preset
resolution is preset to a value of a resolution of the color map
and the sparse depth map corresponding to the target sce-
nario. The computer device may further preset a manner of
determining a specific value of the preset resolution. For
example, the computer device may determine that a value of
a maximum resolution in the n types of resolutions is the
value of the preset resolution, or determine that a value of an
average resolution in the n types of resolutions is the value
of the preset resolution.

In a possible implementation, a training process of the
cascade hourglass network includes the following several
steps: calculating, for a level-k hourglass network in the
cascade hourglass network, a predicted loss value of the
level-k hourglass network according to a sparse depth map
in a k™ type of resolution and a dense depth map in the k™
type of resolution, the predicted loss value being used for
representing a prediction error of predicting the dense depth
map in the k™ type of resolution by using the sparse depth
map in the k? type of resolution, and k being a positive
integer; calculating a predicted loss value of the cascade
hourglass network according to weight parameter settings
and the predicted loss values of each level of the hourglass
network, the weight parameter settings referring to settings
of weight parameters of predicted loss values of the n types
of resolutions; and adjusting a parameter of the cascade
hourglass network according to the predicted loss value of
the cascade hourglass network.

For training of the hourglass network, a loss value cor-
responding to the hourglass network may be first calculated,
and then parameters of the hourglass network are adjusted
according to the loss value. In a case in which the loss value
converges, training of the hourglass network is completed.
In an example, the loss value of the cascade hourglass
network is calculated. The computer device first calculates a
loss value of each level of hourglass network, then calculates
the loss value of the cascade hourglass network according to
weight parameter settings and the loss value of each level of
hourglass network, and then adjusts the parameters of the
cascade hourglass network according to the loss value of the
cascade hourglass network, so that the loss value of the
cascade hourglass network converges, so as to complete
training of the cascade hourglass network. This disclosure
imposes no limitation on a specific setting policy for weight
parameter settings. In an example, the computer device may
randomly set a weight parameter of each level of hourglass
network, or may set a weight parameter of each level of
hourglass network according to a usage preference. For
example, in an example process, if a user more focuses on
local detail prediction of the object in the target scenario, the
computer device may set a relatively high weight parameter
for an hourglass network to which a color map and a sparse
depth map with relatively high resolutions are inputted, and
may set a relatively low weight parameter for an hourglass
network to which a color map and a sparse depth map with
relatively low resolutions are inputted.

According to the technical solution provided herein, a
color map and a sparse depth map corresponding to a target
scenario are obtained, then resolutions of the color map and
the sparse depth map are adjusted to obtain color maps and
sparse depth maps in multiple types of resolutions, and a
cascade hourglass network is invoked to process the color
maps and the sparse depth maps in the multiple types of
resolutions to obtain prediction result maps in the multiple
types of resolutions. A prediction result map in each reso-
Iution includes a dense depth map in the respective resolu-
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tion. A computer device may generate, according to the
dense depth maps in the multiple types of resolutions, a
dense depth map corresponding to the target scenario,
thereby providing a manner (method) of generating a dense
depth map by filling in pixels in a sparse depth map, that is,
providing a depth completion manner (method).

In addition, in an embodiment, because different features
of an object in the target scenario are highlighted by using
color maps and sparse depth maps in different resolutions,
the color maps and the sparse depth maps in different
resolutions are each input to a respective level of hourglass
network, so that different features of the object in the target
scenario can be emphatically predicted. While reducing
processing overheads of the computer device and the opera-
tion amount of the hourglass network, different features of
the object in the target scenario can be deeply mined, so that
a depth completion result, that is, the dense depth map
corresponding to the target scenario, is more accurate.

In addition, an embodiment of this application further
provides a method for training a cascade hourglass network.
The method can include, first calculating a loss value of each
level of hourglass network in the cascade hourglass network,
then calculating a loss value of the cascade hourglass
network according to weight parameter settings and the loss
value of each level of hourglass network, and then adjusting
parameters of the cascade hourglass network according to
the loss value of the cascade hourglass network, so that in a
case in which the loss value of the cascade hourglass
network converges, training of the cascade hourglass net-
work is completed. Compared with a case in which overall
effect of a cascade hourglass network cannot be ensured to
be optimal when each level of hourglass network in the
cascade hourglass network is trained separately, in the
technical solution provided in this embodiment of this
application, the cascade hourglass network is trained as a
whole, which can ensure an overall prediction effect of the
cascade hourglass network, thereby ensuring accuracy of the
dense depth map corresponding to the target scenario and
outputted by the cascade hourglass network.

In an example, as shown in FIG. 3, a number of levels of
hourglass networks included in the foregoing cascade hour-
glass network is equal to n. Step 230 includes the following
several steps.

In Step 232, alevel-1 hourglass network to process a color
map and a sparse depth map in the first type of resolution can
be invoked to obtain a prediction result map in the first type
of resolution.

In an example, a color map and a sparse depth map in the
first type of resolution are inputted to the level-1 hourglass
network, and the color map in the first type of resolution may
be used for instructing to fill in pixels in the sparse depth
map in the first type of resolution. After the level-1 hourglass
network processes the color map and the sparse depth map
in the first type of resolution, a prediction result map in the
first type of resolution is outputted, that is, a resolution of the
prediction result map outputted by the hourglass network is
the same as resolutions of the inputted color map and sparse
depth map.

In Step 234, a resolution of a prediction result map in an
i type of resolution is converted into an (i+1)* type of
resolution to obtain a prediction result map having the
(i+1)” type of resolution.

When resolutions of a color map and a sparse depth map
that are inputted to a level-i hourglass network is the i type
of resolution, a resolution of a prediction result map out-
putted by the level-i hourglass network is also the i type of
resolution, that is, the prediction result map in the i” type of
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resolution is a prediction result map obtained by using the
level-i hourglass network, where i is a positive integer less
than n. To enable another level of hourglass network to
combine a prediction result of an hourglass network that has
obtained a prediction result map when predicting a color
map and a sparse depth map, after obtaining the prediction
result map in the i” type of resolution, the computer device
may convert the resolution of the prediction result map of
the i? type of resolution. In an example, the computer device
converts the resolution of the prediction result map in the i”*
type of resolution into the (i+1)” type of resolution, to obtain
the prediction result map converted into the (i+1)” type of
resolution, so that the prediction result map converted into
the (i+1)” type of resolution can be used by a level-(i+1)
hourglass network, and a prediction result map of the
level-(i+1) hourglass network is more accurate.

In an example, upsampling is performed on the prediction
result map in the i” type of resolution to obtain the predic-
tion result map converted into the (i+1)* type of resolution.
A specific manner of upsampling is not limited. In an
example, the computer dev ice may perform upsampling on
the prediction result map in the i type of resolution by using
an interpolation algorithm such as interpolation based on an
edge image or image interpolation based on a region, that is,
interpolating new pixels between original pixels. In an
example, the computer device may perform upsampling on
the prediction result map in the i” type of resolution by
means of deconvolution. After the upsampling, the resolu-
tion of the prediction result map in the i” type of resolution
increases. The computer device may set a parameter of the
interpolation algorithm to control the resolution of the
prediction result map in the i” type of resolution to increase
to the (i+1)” type of resolution, so as to obtain the prediction
result map converted into the (i+1)” type of resolution. As
shown in FIG. 4, the level-i hourglass network outputs a
prediction result map 42 in the i” type of resolution, and the
computer device may perform upsampling 44 on the pre-
diction result map 42 in the i” type of resolution, so as to
increase a resolution of the prediction result map 42, that is,
enlarge a size of the prediction result map 42, so as to obtain
a prediction result map 46 converted into the (i+1)* type of
resolution.

In Step 236: Invoke a level-(i+1) hourglass network to
process the prediction result map converted into the (i+1)”
type of resolution together with a color map and a sparse
depth map in the (i+1)* type of resolution to obtain a
prediction result map in the (i+1)” type of resolution.

Different from the input to the level-1 hourglass network,
an input to the level-(i+1) hourglass network is the predic-
tion result map converted into the (i+1)” type of resolution,
and a color map and a sparse depth map in the (i+1)* type
of resolution. That is, the level-(i+1) hourglass network
performs prediction based on the prediction result of the
level-i hourglass network. Therefore, the prediction result of
the level-i hourglass network may provide a reference for
prediction of the level-(i+1) hourglass network, so that
tightness and association between operations of various
levels of hourglass networks are improved, and the predic-
tion result of the cascade hourglass network is more accu-
rate.

In an example, the level-(i+1) hourglass network includes
an initial layer, a downsampling layer, an upsampling layer,
and a prediction layer. As shown in FIG. 5, the level-(i+1)
hourglass network includes an initial layer 510, a downsam-
pling layer 520, an upsampling layer 530, and a prediction
layer 540. Step 236 can include the following steps from (1)
to (4).
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In Step (1), fusion processing on the prediction result map
converted into the (i+1)” type of resolution and the color
map and the sparse depth map in the (i+1)* type of resolu-
tion can be performed by using tire initial layer 510, to
obtain a fused feature map.

In an example, a function of an initial layer of a level of
hourglass network is to fuse images inputted to the level of
hourglass network. For example, after the prediction result
map converted into the (i+1)” type of resolution, the color
map and the sparse depth map in the (i+1)* type of resolu-
tion pass through the initial layer 510 of the level-(i+1)
hourglass network, the fused feature map can be obtained. In
an example, the initial layer 510 may perform, in a feature
dimension, fusion processing on an input to an hourglass
network in which the initial layer is located, that is, the
initial layer of the level-(i+1) hourglass network may fuse,
in the feature dimension, the prediction result map converted
into the (i+1)” type of resolution, the color map and the
sparse depth map in the (i+1)” type of resolution. The fused
feature map obtained by using the initial layer is a result of
stacking a group of images in the feature dimension.

In an example, the prediction result maps in the n types of
resolutions each include a respective feature guide map
and/or a respective dense depth map in one of the n types of
resolutions, and for example, the feature guide map is used
for guiding a prediction of a dense depth map based on a
sparse depth map. The foregoing step (1) includes: combin-
ing a feature guide map in the prediction result map con-
verted into the (i+1)” type of resolution and the color map
in the (i+1)” type of resolution to obtain a first feature map;
combining a dense depth map in the prediction result map
convened into the (i+1)” type of resolution and the sparse
depth map in the (i+1)” type of resolution to obtain a second
feature map; and performing fusion processing on the first
feature map and the second feature map in a feature dimen-
sion by using the initial layer, to obtain the fused feature
map.

In an example, in addition to the dense depth map in the
i type of resolution, the prediction result map outputted by
the level-i hourglass network further includes a feature guide
map in the i” type of resolution. The feature guide map is
generated after a feature of an image in the i type of
resolution is extracted in a processing process of the level-i
hourglass network and processed. After the feature guide
map in the i” type of resolution is converted into the (i+1)”
type of resolution, the computer device may be instructed to
fill in the sparse depth map in the (i+1)” type of resolution
with reference to the color map in the (i+1)* type of
resolution. When the inputted image is fused at the initial
layer of the level-(i+1) hourglass network, the feature guide
map in the prediction result map converted into the (i+1)”
type of resolution and the color map in the (i+1)” type of
resolution may be first combined to obtain the first feature
map (or image), the dense depth map in the prediction result
map converted into the (i+1)” type of resolution and the
sparse depth map in the (if [)* type of resolution are
combined to obtain the second feature map (or image), and
then the first feature map and the second feature map are
fused in the feature dimension to obtain the fused feature
map (or image). In some embodiments, the computer device
simultaneously generates the first feature map and the sec-
ond feature map.

In Step (2), downsampling on the fused feature map can
be performed by using the downsampling layer 520 to obtain
a downsampled feature map.

Downsampling of the fused feature image or map can
reduce a resolution of the fused feature image, that is, reduce
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a size of the fused feature image, and increase a receptive
field of each pixel in the feature image or map. In an
example, the down sampling layer may perform downsam-
pling on the fused feature map by using a filler(s), so as to
extract a feature from the fused feature map to obtain the
downsampled feature map.

In an example, the fused feature image obtained at the
initial layer 510 includes a first feature image pan and a
second feature image pan, the first feature image part
corresponds to the first feature image (or map), and the
second feature image part corresponds to the second feature
image (or map). Because data processing manners of the first
feature map part and the second feature map part are
different, downsampling is separately performed on the first
feature map part and the second feature map part in a case
of passing through the downsampling layer 520, that is, the
downsampling layer performs downsampling on the first
feature map part and the second feature map part in separate
downsampling manners. In some embodiments, the down-
sampling layer includes two groups of filters, one set of
filters is configured to process the first feature map part in
the fused feature map, and the other set of filters is config-
ured to process the second feature map part in the fused
feature map.

In an embodiment, the inputted image(s) is first fused by
using the initial layer 510, and then the first feature map part
and the second feature map part of the fused feature map are
separately downsampled by using the downsampling layer
520. This manner may be referred to as group fusion. As
shown in FIG. 6, portion (a) in FIG. 6 represents an
operation manner of early fusion, portion (b) represents an
operation manner of late fusion, and portion (c) represents
an operation manner of group fusion. In both early fusion (a)
and group fusion (c), the computer device first fuses the first
feature map and the second feature map. However, when the
fused feature map is downsampled, grouping is not per-
formed in early fusion (a). Compared with group fusion (c),
operation of early fusion (a) is relatively complex, and an
operation amount is relatively large. In both late fusion (b)
and group fusion (c), the computer device performs separate
downsampling on the first feature map and the second
feature map. However, late fusion (b) does not first perform
fusion processing on the first feature map and the second
feature map. Therefore, two filtering manners need to be
used for downsampling the first feature map and the second
feature map. Because group fusion (c) first performs fusion
processing on the first feature map and the second feature
map, downsampling may be performed on the first feature
map part and the second feature map part in the same
filtering manner. Compared with late fusion (b), group
fusion (c) has relatively high calculation parallelism, and
processing overheads of the computer device can be
reduced.

When downsampling is performed on the fused feature
map, the resolution of the fused feature map is reduced, the
size of the fused feature map is reduced, an overall contour
of the fused feature map is highlighted, and overall contour
information of the object in the target scenario is extracted
by means of downsampling. Optionally, to make the feature
of the target object extracted by means of downsampling
more accurate, and extract deep-level semantics, and further
expand a receptive field of a pixel, the downsampling layer
may include two layers of downsampling, that is, a first
downsampling layer and a second downsampling layer.
After downsampling the fused feature map by using the first
downsampling layer, the computer device may input a result
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of'the first downsampling layer to the second downsampling
layer for further downsampling, so as to obtain the down-
sampled feature map.

In Step (3), upsampling can be performed on the down-
sampled feature map by using the upsampling layer 530 to
obtain a feature map in the (i+1)” type of resolution.

A resolution of the downsampled feature image obtained
by downsampling the fused feature map is less than a
resolution of an image inputted to an hourglass network. The
hourglass network needs to perform prediction according to
the downsampled feature map, and needs to output a pre-
diction result map with the same resolution as the inputted
image. Therefore, before predicting the downsampled fea-
ture map, the resolution of the downsampled feature map
needs to be first increased. In this embodiment of this
application, the downsampled feature map is upsampled to
increase the resolution, to obtain a feature map in the (i+1)*
type of resolution. In an example, the downsampled feature
map is upsampled as a whole.

In an example, when the downsampling layer includes
two layers of downsampling, the upsampling layer includes
two layers of sampling, that is, a first upsampling layer and
a second upsampling layer. The first upsampling layer and
the second upsampling layer increase the resolution of the
downsampled feature map step by step. Compared with
directly increasing the resolution of the downsampled fea-
ture map to the (i+1)” type of resolution, some information
in the feature map may be ignored. In an example, in a
manner of increasing the resolution by the two layers of
upsampling step by step, an output of the first downsampling
layer may be fused in an input to the second upsampling
layer, thereby reducing information loss in the feature map,
so that an upsampled feature map in the (i+1)” type of
resolution more accurately reflects downsampled feature
data.

In Step (4), the feature map in the (i+1)* type of resolu-
tion can be predicted by using the prediction layer 540 to
obtain the prediction result map in the type of resolution.

After the downsampled feature map is converted into the
feature map in the (i+1)” type of resolution, the feature map
in the (i+1)* type of resolution is predicted by using the
prediction layer 540, so as to obtain the prediction result
map in the (i+1)” type of resolution. In an example, the
prediction result map in the (i+1)* type of resolution
includes a dense depth map in the (i+1)” type of resolution
and a feature guide map in the (i+1)” type of resolution.
When the computer device predicts the feature map in the
(i+1)” type of resolution, the feature map in the (i+1)” type
of resolution is used as a whole for prediction. In an
example, a filter that performs prediction at the prediction
layer 540 includes two convolution kernels, and parameter
settings of the two convolution kernels are the same. There-
fore, one convolution kernel is used for calculating the dense
depth map in the (i+1)” type of resolution, and the other
convolution kernel is used for calculating the feature guide
map in the (i+1)” type of resolution. The dense depth map
in the (i+1)™ type of resolution is a result of filling in, by the
level-(i+1) hourglass network, pixels in the sparse depth
map in the (i+1)” type of resolution. The feature guide map
in the (i+1)” type of resolution is used for combining with
a color map in an (i+2)” type of resolution in the level-(i+2)
hourglass network, so as to instruct the computer device to
fill in pixels in a sparse depth map in the (i+2)” type of
resolution. In an example, to increase a network depth and
improve network performance, the upsampling layer and the
prediction layer of the hourglass network include standard
(or normalized) convolution. The standard convolution is an
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intermediate processing process, and can increase the net-
work depth of the hourglass network. As shown in FIG. 5,
both the upsampling layer and the prediction layer of the
level-(i+1) hourglass network include standard convolution.

In an example, in a case in which the downsampling layer
includes the first downsampling layer and the second down-
sampling layer, and the upsampling layer includes the first
upsampling layer and the second upsampling layer, the
output of the initial layer and the output of the second
upsampling layer are combined by using a residual connec-
tion, to obtain an input to the prediction layer; and the output
of the first downsampling layer and the output of the first
upsampling layer are combined by using the residual con-
nection, to obtain an input to the second upsampling layer.
For example, as shown in FIG. 5, an output of an initial layer
510 and an output of a second upsampling layer 534 are
combined into an input to a prediction layer 540 by using a
residual connection, and an output of a first downsampling
layer 522 and an output of a first upsampling layer 532 are
combined into an input to the second upsampling layer 534
by using the residual connection. Because the first upsam-
pling layer 532 is used for increasing a resolution of the
output of the second downsampling layer 524, a part of
information loss occurs in a process of increasing the
resolution. If only the output of the first upsampling layer
532 is inputted to the second upsampling layer 534, a part of
features of an object in a target scenario that are extracted by
the second downsampling layer 524 is ignored. Therefore, in
this embodiment of this application, the input to the second
upsampling layer 534 fuses the output of the first downsam-
pling layer 522, which can effectively use data and avoid
information loss. Similarly, fusing the output of the initial
layer 510 in the input to the prediction layer 540 may also
avoid information loss, making the prediction result more
accurate.

In an example, in a case in which the downsampling layer
includes the first downsampling layer and the second down-
sampling layer, and the upsampling layer includes the first
upsampling layer and the second upsampling layer, the
output of the first downsampling layer and the output of the
second upsampling layer are combined by using a residual
connection, to obtain an input to the prediction layer; and the
output of the second downsampling layer and the output of
the first upsampling layer are combined by using the residual
connection, to obtain an input to the second upsampling
layer. For example, as shown in FIG. 5, an output of a first
downsampling layer 522 and an output of a second upsam-
pling layer 534 are combined into an input to a prediction
layer 540 by using a residual connection, and an output of
a second downsampling layer 524 and an output of a first
upsampling layer 532 are combined into an input to the
second upsampling layer 534 by using the residual connec-
tion. Because the first upsampling layer 532 is used for
increasing a resolution of the output of the second down-
sampling layer 524, a part of information loss occurs in a
process of increasing the resolution. If only the output of the
first upsampling layer 532 is inputted to the second upsam-
pling layer 534, a part of features of an object in a target
scenario that are extracted by the second downsampling
layer 524 is ignored. Therefore, in this embodiment of this
application, the input to the second upsampling layer 534
fuses the output of the second downsampling layer 524,
which can effectively use data and avoid information loss.
Similarly, fusing the output of the first downsampling layer
522 in the input to the prediction layer 540 may also avoid
information loss, making the prediction result more accu-
rate.
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According to the technical solution provided herein, when
a level of hourglass network is invoked to process a color
map and a sparse depth map in a resolution, a prediction
result map outputted by a previous-level hourglass network
is fused. Because different features of an object in a target
scenario are highlighted by color maps and sparse depth
maps in different resolutions and different features are
associated with each other, based on a prediction result of
the previous-level hourglass network, features highlighted
by a color map and a sparse depth map that are correspond-
ing to a current-level hourglass network are emphatically
extracted and predicted, so that the prediction result of the
previous-level hourglass network can provide a reference for
prediction of the current-level hourglass network, thereby
improving overall accuracy of the cascade hourglass net-
work.

In addition, in an embodiment, each level of hourglass
network includes an initial layer, a downsampling layer, an
upsampling layer, and a prediction layer. In addition, the
initial layer and the downsampling layer use a data process-
ing manner of group fusion, that is, first inputted images are
fused in a feature dimension, and then a part of a fused
image that uses a different data processing manner is down-
sampled separately. Compared with early fusion in which
downsampling is performed on fused images as a whole,
which results in complex calculation and an excessively
large operation amount, group fusion provided in this
embodiment of this application can reduce operation com-
plexity of a cascade hourglass network. In addition, com-
pared with late fusion in which inputted images are not fused
in advance and inputted images in different data processing
manners need to be processed in different downsampling
manners, group fusion may separately process parts in
different data processing manners in a feature map in the
same downsampling manner by using independent down-
sampling channels, which can improve calculation parallel-
ism and reduce processing overheads of the computer
device.

FIG. 7 is a flowchart of a path planning method according
to an embodiment of this application. The method is applied
to the foregoing mobile apparatus, and the mobile apparatus
includes a processor, an image collection device and a
mobile controller that are connected to the processor. The
method may include the following steps:

In Step 710, by using the image collection device, a color
map and a sparse depth map of a target scenario can be
acquired.

A generation process can be performed to generate the
sparse depth map, the target scenario, the color map. and the
like.

In Step 720, by using the processor, a cascade hourglass
network can be invoked to process the color map and the
sparse depth map to obtain a dense depth map corresponding
to the target scenario; environment information of the target
scenario can be determined according to the dense depth
map; and a movement path of the mobile apparatus can be
determined according to the environment information of the
target scenario.

The environment information of the target scenario
includes feature information of a target object in the target
scenario and a scenario structure of the target scenario. The
target object is an object that exists in the target scenario,
such as a tree, a building, a vehicle, and the like. The feature
information of the target object includes distance informa-
tion, speed information, and the like of the target object.

In an example, after determining the environment infor-
mation of the target scenario, the computer device may
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determine the movement path of the mobile apparatus in the
target scenario according to the environment information, so
as to achieve a purpose of moving and controlling the mobile
apparatus. In an example, the determining a movement path
of the mobile apparatus according to the environment infor-
mation of the target scenario includes: determining an
obstacle in the target scenario according to the environment
information of the target scenario; and determining the
movement path according to the obstacle. In the target
scenario, there are many obstacles that cannot be traversed
by the mobile apparatus, such as a wall or a railing.
Therefore, the computer device needs to determine the
obstacle in the target scenario according to the environment
information of the target scenario, and then determine the
movement path according to the obstacle, so that the mobile
apparatus can bypass the obstacle in a movement process
and avoid colliding with the obstacle.

In Step 730, by using the mobile controller, the mobile
apparatus can move according to the movement path.

After determining the movement path, the processor may
send the movement path to the mobile controller, and the
mobile controller controls the mobile apparatus to move
according to the movement path, so that the mobile appa-
ratus can achieve an automatic movement effect.

According to the technical solution provided in this
embodiment of this application, the color map and the sparse
depth map of the target scenario that are collected by the
image collection device are acquired, then the cascade
hourglass network is invoked to process the color map and
the sparse depth map to obtain the dense depth map corre-
sponding to the target scenario, then the environment infor-
mation of the target scenario is determined according to the
dense depth map, and the movement path of the mobile
apparatus in the target scenario is determined according to
the environment information, thereby providing a path plan-
ning method of the mobile apparatus. In addition, in a path
planning process, after the color map and the sparse depth
map of the target scenario that are collected by the image
collection device are processed by using the cascade hour-
glass network to obtain the dense depth map, path planning
is performed according to the dense depth map, and the
dense depth map may reflect more environment information
of the target scenario, so that a result of path planning can
be more accurate.

FIG. 8 is a flowchart of an image processing and path
planning method according to an embodiment of this appli-
cation. The method may be applied to the foregoing com-
puter device. The foregoing cascade hourglass network
includes a level-1 hourglass network and a level-2 hourglass
network, the foregoing n types of resolutions include the first
type of resolution and the second type of resolution, and the
first type of resolution is different from the second type of
resolution. The method may include the following steps.

In Step 810, a color map and a sparse depth map of a
target scenario that are collected by an image collection
device of'a mobile apparatus can be acquired. In an example,
the image collection device is a laser radar and a color
camera. The color camera may photograph the target sce-
nario to form an RGB image, and further, a grayscale image
may be generated according to the RGB image. The laser
radar may detect an object in the target scenario, so as to
obtain radar point cloud data corresponding to the target
scenario, and further generate a sparse depth map according
to the radar point cloud data.

In Step 820, resolutions of the color map and the sparse
depth map can be adjusted to obtain a color map and a sparse
depth map in the first type of resolution, and a color map and
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a sparse depth map in the second type of resolution. In an
example, the computer device may directly perform adjust-
ment by using compression software, or may perform
adjustment by using a sampling function. As shown in FIG.
8, an example in which the first type of resolution is equal
to one half of the resolutions of the color map and the sparse
depth map corresponding to the target scenario, and the
second type of resolution is equal to the resolutions of the
color map and the sparse depth map corresponding to the
target scenario is used in this embodiment of this application
for description.

In Step 830, a level-1 hourglass network can be invoked
to process the color map and the sparse depth map in the first
type of resolution to obtain a prediction result map in the
first type of resolution. The computer device processes the
color map and the sparse depth map in the first type of
resolution by using an initial layer, a downsampling layer, an
upsampling layer, and a prediction layer of the level-1
hourglass network, to obtain the prediction result map in the
first type of resolution, where the prediction result map in
the first type of resolution includes a dense depth map in the
first type of resolution and a feature guide map in the first
type of resolution.

In Step 840, the resolution of the prediction result map in
the first type of resolution can be converted into the second
type of resolution to obtain a prediction result map con-
verted into the second type of resolution. To enable the
level-2 hourglass network to combine the prediction result
of the level-1 hourglass network when predicting the color
map and the sparse depth map in the second type of
resolution, the computer device may convert the resolution
of'the prediction result map in the first type of resolution into
the second type of resolution to obtain the prediction result
map converted into the second type of resolution. The
prediction result map converted into the second type of
resolution includes a dense depth map converted into the
second type of resolution and a feature guide map converted
into the second type of resolution.

In Step 850, the level-2 hourglass network can be invoked
to process the prediction result map converted into the
second type of resolution and a color map and a sparse depth
map in the second type of resolution to obtain a prediction
result map in the second type of resolution. In a processing
process of the level-2 hourglass network, the dense depth
map converted into the second type of resolution is com-
bined with the sparse depth map in the second type of
resolution, the feature guide map convened into the second
type of resolution is combined with the color map in the
second type of resolution, then combination results are
further fused into a feature map in a feature dimension, and
then the prediction result map in the second type of resolu-
tion is obtained by using the downsampling layer, the
upsampling layer, and the prediction layer. The prediction
result map in the second type of resolution includes the
dense depth map in the second type of resolution and the
feature guide map in the second type of resolution.

In Step 860, by using a residual connection, the dense
depth map in the prediction result map converted into the
second type of resolution and the dense depth map in the
prediction result map in the second type of resolution can be
combined, to obtain a dense depth map corresponding to the
target scenario. Finally, the cascade hourglass network needs
to output the dense depth map corresponding to the target
scenario, that is, a result of filling in pixels of the sparse
depth map by the computer device. Therefore, after each
level of hourglass network obtains a prediction result map
corresponding to the hourglass network, the computer
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device combines the dense depth map convened into the
second type of resolution and the dense depth map in the
second type of resolution, so as to obtain the dense depth
map corresponding to the target scenario.

In Step 870, environment information of the target sce-
nario can be determined according to the dense depth map.
The environment information of the target scenario includes
feature information of a target object in the target scenario
and a scenario structure of the target scenario, where the
target object is an object that exists in the target scenario,
and the feature information of the target object includes
distance information, speed information, and the like of the
target object. The computer device may convert the dense
depth map into point cloud data, and then may construct the
target scenario according to the point cloud data, so as to
determine the environment information of the target sce-
nario, that is, the feature information of the target object in
the target scenario and the scenario structure of the target
scenario.

In Step 880, a movement path of the mobile apparatus can
be determined according to the environment information of
the target scenario. In an example, the computer device may
first determine an obstacle in the target scenario according to
the environment information of the target scenario, and then
determine the movement path of the moving apparatus
according to the obstacle. In the target scenario, there are
many obstacles that cannot be traversed by the mobile
apparatus. Therefore, the computer device needs to deter-
mine the obstacle in the target scenario according to the
environment information of the target scenario, and then
determine the movement path according to the obstacle, so
that the mobile apparatus can bypass the obstacle in a
movement process and avoid colliding with the obstacle.

FIG. 9 is a block diagram of an image processing appa-
ratus according to an embodiment of this application. The
apparatus has functions of implementing the foregoing
image processing method examples. The functions may be
implemented by using hardware (processing circuitry, or
may be implemented by hardware executing corresponding
software. The apparatus may be a computer device, or may
be disposed in a computer device. The apparatus 900 may
include an image acquiring module 910, a resolution adjust-
ment module 920, a result prediction module 930, and an
image generation module 940.

The image acquiring module 910 is configured to acquire
a color map and a sparse depth map that are corresponding
to a target scenario.

The resolution adjustment module 920 is configured to
adjust resolutions of the color map and the sparse depth map
to obtain color maps and sparse depth maps in n types of
resolutions, n being a positive integer.

The result prediction module 930 is configured to invoke
a cascade hourglass network to process the color maps and
the sparse depth maps in the n types of resolutions to obtain
prediction result maps in the n types of resolutions, the
prediction result maps in the n types of resolutions including
dense depth maps in the n types of resolutions.

The image generation module 940 is configured to gen-
erate, according to the dense depth maps in the n types of
resolutions, a dense depth map corresponding to the target
scenario.

In an example, a quantity of levels of hourglass networks
included in the cascade hourglass network is n. As shown in
FIG. 10, the result prediction module 930 includes a first
result prediction submodule 932, configured to invoke a
level-1 hourglass network to process a color map and a
sparse depth map in the first type of resolution to obtain a

10

15

20

25

30

35

40

45

50

55

60

65

20

prediction result map in the first type of resolution; a
resolution conversion submodule 934, configured to convert
a resolution of a prediction result map in an i” type of
resolution into an (i+1)” type of resolution to obtain a
prediction result map converted into the (i+1)” type of
resolution, the prediction result map in the i” type of
resolution being a prediction result map obtained by using a
level-i hourglass network, and i being a positive integer less
than n; and a second result prediction submodule 936,
configured to invoke a level-(i+1) hourglass network to
process the prediction result map converted into the (i+1)”
type of resolution and a color map and a sparse depth map
in the (i+1)™ type of resolution to obtain a prediction result
map in the (i+1)” type of resolution.

In an example, the level-(i+1) hourglass network includes
an initial layer, a downsampling layer, an upsampling layer,
and a prediction layer. As shown in FIG. 10, the second
result prediction submodule 936 includes, a fusion unit
9362, configured to perform fusion processing on the pre-
diction result map converted into the (i+1)* type of resolu-
tion and the color map and the sparse depth map in the
(i+1)” type of resolution by using the initial layer, to obtain
a fused feature map; a downsampling unit 9364, configured
to perform downsampling on the fused feature map by using
the downsampling layer to obtain a downsampled feature
map; an upsampling unit 9366, configured to perform
upsampling on the downsampled feature map by using the
upsampling layer to obtain a feature map in the (i+1)” type
of resolution; and a prediction unit 9368, configured to
predict the feature map in the (i+1)” type of resolution by
using the prediction layer to obtain the prediction result map
in the (i+1)” type of resolution.

In an example, the prediction result maps in the n types of
resolutions further include feature guide maps in the n types
of resolutions, and the feature guide maps are used for
instructing to fill in a quantity of pixels in the sparse depth
maps. The fusion unit 9362 is configured to: combine a
feature guide map in the prediction result map converted
into the (i+1)* type of resolution and the color map in the
(i+1)” type of resolution to obtain a first feature map.
combine a dense depth map in the prediction result map
converted into the (i+1)” type of resolution and the sparse
depth map in the (i+1)” type of resolution to obtain a second
feature map; and perform fusion processing on the first
feature map and the second feature map in a feature dimen-
sion by using the initial layer, to obtain the fused feature
mayp; the fused feature map including a first feature map part
and a second feature map part, and downsampling being
separately performed on the first feature map part and the
second feature map part in a case of passing through the
downsampling layer.

In an example, the downsampling layer includes a first
downsampling layer and a second downsampling layer, and
the upsampling layer includes a first upsampling layer and a
second upsampling layer. As shown in FIG. 10, the appa-
ratus further includes a residual connection module 950,
configured to: combine an output of the first downsampling
layer and an output of the second upsampling layer by using
a residual connection, to obtain an input to the prediction
layer; and combine an output of the second downsampling
layer and an output of the first upsampling layer by using the
residual connection, to obtain an input to the second upsam-
pling layer.

In an example, the image generation module 940 is
configured to perform upsampling on the prediction result
map in the i” type of resolution to obtain the prediction
result map converted into the (i+1)* type of resolution.
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In an example, n is equal to 2, the n types of resolutions
include the first type of resolution and the second type of
resolution, the first type of resolution is different from the
second type of resolution, and the cascade hourglass net-
work includes a level-1 hourglass network and a level-2
hourglass network that are cascaded. The result prediction
module 930 is configured to: invoke the level-1 hourglass
network to process a color map and a sparse depth map in
the first type of resolution to obtain a prediction result map
in the first type of resolution; convert a resolution of the
prediction result map in the first type of resolution into the
second type of resolution to obtain a prediction result map
in the second type of resolution; and invoke the level-2
hourglass network to process the prediction result map
converted into the second type of resolution and a color map
and a sparse depth map in the second type of resolution to
obtain a prediction result map in the second type of resolu-
tion.

In an example, the resolution adjustment module 920 is
configured to: convert resolutions of the dense depth maps
in the n types of resolutions into a preset resolution to obtain
n dense depth maps in a same resolution; and combine the
n dense depth maps in the same resolution by using a
residual connection, to obtain the dense depth map corre-
sponding to the target scenario.

In an example, as shown in FIG. 10, the apparatus further
includes a model training module 960, configured to: cal-
culate, for a level-k hourglass network in the cascade
hourglass network, a predicted loss value of the level-k
hourglass network according to a sparse depth map in a k”
type of resolution and a dense depth map in the k” type of
resolution, the predicted loss value being used for represent-
ing a prediction error of predicting the dense depth map in
the k” type of resolution by using the sparse depth map in
the k? type of resolution, and k being a positive integer;
calculate a predicted loss value of the cascade hourglass
network according to weight parameter settings and the
predicted loss value of the level-k hourglass network, the
weight parameter settings referring to settings of weight
parameters of predicted loss values of the n types of reso-
Iutions: and adjust a parameter of the cascade hourglass
network according to the predicted loss value of the cascade
hourglass network.

According to the technical solution provided in this
embodiment of this application, a color map and a sparse
depth map corresponding to a target scenario are obtained,
then resolutions of the color map and the sparse depth map
are adjusted to obtain color maps and sparse depth maps in
multiple types of resolutions, and a cascade hourglass net-
work is invoked to process the color maps and the sparse
depth maps in the multiple types of resolutions to obtain
prediction result maps in the multiple types of resolutions. A
prediction result map in each resolution includes a dense
depth map in the resolution. A computer device may gen-
erate, according to the dense depth maps in the multiple
types of resolutions, a dense depth map corresponding to the
target scenario, thereby providing a manner of generating a
dense depth map by filling in pixels in a sparse depth map,
that is, providing a depth completion manner.

In addition, an embodiment of this application further
provides a method for training a cascade hourglass network:
first calculating a loss value of each level of hourglass
network in the cascade hourglass network, then calculating
a loss value of the cascade hourglass network according to
weight parameter settings and the loss value of each level of
hourglass network, and then adjusting a parameter of the
cascade hourglass network according to the loss value of the
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cascade hourglass network, so that in a case in which the loss
value of the cascade hourglass network converges, training
of the cascade hourglass network is completed. Compared
with a case in which overall effect of a cascade hourglass
network cannot be ensured to be optimal when each level of
hourglass network in the cascade hourglass network is
trained separately, in the technical solution provided in this
embodiment of this application, the cascade hourglass net-
work is trained as a whole, which can ensure an overall
prediction effect of the cascade hourglass network, thereby
ensuring accuracy of the dense depth map corresponding to
the target scenario and outputted by the cascade hourglass
network.

FIG. 11 is a structural block diagram of a mobile appa-
ratus according to an embodiment of this application. The
mobile apparatus has an example function of implementing
the foregoing path planning method, and the function may
be implemented by hardware, or may be implemented by
hardware by executing corresponding software. The mobile
apparatus includes a processor 1110, an image collection
device 1120 and a mobile controller 1130 that are connected
to the processor.

The image collection device 1120 is configured to acquire
a color map and a sparse depth map of a target scenario.

The processor 1110 is configured to invoke a cascade
hourglass network to process the color map and the sparse
depth map to obtain a dense depth map corresponding to the
target scenario: determine environment information of the
target scenario according to the dense depth map, the
environment information of the target scenario including
feature information of a target object in the target scenario
and a scenario structure of the target scenario; and determine
a movement path of the mobile apparatus according to the
environment information of the target scenario.

The mobile controller 1130 is configured to control the
mobile apparatus to move according to the movement path.

In an example, the determining a movement path of the
mobile apparatus according to the environment information
of the target scenario includes: determining an obstacle in
the target scenario according to the environment information
of the target scenario: and determining the movement path
according to the obstacle.

The term module (and other similar terms such as unit,
submodule, etc.) in this disclosure may refer to a software
module, a hardware module, or a combination thereof. A
software module (e.g., computer program) may be devel-
oped using a computer programming language. A hardware
module may be implemented using processing circuitry
and/or memory. Each module can be implemented using one
or more processors (or processors and memory). Likewise,
a processor (or processors and memory) can be used to
implement one or more modules. Moreover, each module
can be part of an overall module that includes the function-
alities of the module.

In conclusion, according to the technical solution pro-
vided in this embodiment of this application, the color map
and the sparse depth map of the target scenario that are
collected by the image collection device are acquired, then
the cascade hourglass network is invoked to process the
color map and the sparse depth map to obtain the dense
depth map corresponding to the target scenario, then the
environment information of the target scenario is determined
according to the dense depth map, and the movement path
of the mobile apparatus in the target scenario is determined
according to the environment information, thereby provid-
ing a path planning method of the mobile apparatus. In
addition, in a path planning process, after the color map and



US 12,293,532 B2

23

the sparse depth map of the target scenario that are collected
by the image collection device are processed by using the
cascade hourglass network to obtain the dense depth map,
path planning is performed according to the dense depth
map, and the dense depth map may reflect more environment
information of the target scenario, so that a result of path
planning can be more accurate.

FIG. 12 is a structural block diagram of a computer device
according to an embodiment of this application. The com-
puter device may be configured to implement an example
function of the foregoing image processing method or the
foregoing path planning method.

Specifically, the computer device 1200 includes a pro-
cessing unit (such as a central processing unit (CPU), a
graphics processing unit (GPU), a field programmable gate
array (FPGA)) 1201, a system memory 1204 that includes a
random access memory (RAM) 1202 and a read-only
memory (ROM) 1203, and a system bus 1205 connected to
the system memory 1204 and the central processing unit
1201. The computer device 1200 further includes an input
output system (I/O system) 1206 that assists in information
transmission between components in the computer device,
and a large-capacity storage device 1207 that is configured
to store an operating system 1213, an application program
1214, and another program module 1215.

The basic VO system 1206 includes a display 1208
configured to display information and an input device 1209,
such as a mouse or a keyboard, configured to input infor-
mation for a user. The display 1208 and the input device
1209 are both connected to the CPU 1201 by using an input
and output controller 1210 connected to the system bus
1205. The basic [/O system 1206 may further include the
input and output controller 1210 to be configured to receive
and process inputs from multiple other devices such as a
keyboard, a mouse, and an electronic stylus. Similarly, the
input output controller 1210 further provides an output to a
display screen, a printer or another type of output device.

The large-capacity storage device 1207 is connected to
the CPU 1201 by using a large-capacity storage controller
(not shown) connected to the system bus 1205. The mass
storage device 1207 and an associated computer readable
medium provide non-volatile storage for the computer
device 1200. That is, the mass storage device 1207 may
include a computer readable medium (not shown) such as a
hard disk or a compact disc ROM (CD-ROM) drive.

Generally, the computer readable medium may include a
computer storage medium and a communication medium.
The computer storage medium includes volatile and non-
volatile media, and removable and non-removable media
implemented by using any method or technology and con-
figured to store information such as a computer readable
instruction, a data structure, a program module, or other
data. The computer storage medium includes a RAM, a
ROM, an erasable programmable ROM (EPROM), an elec-
trically erasable programmable ROM (EEPROM), a flash
memory or another solid-state memory technology, a CD-
ROM, a digital versatile disc (DVD) or another optical
memory, a tape cartridge, a magnetic cassette, a magnetic
disk memory, or another magnetic storage device. Certainly,
persons skilled in art can know that the computer storage
medium is not limited to the foregoing several types. The
system memory 1204 and the mass storage device 1207 may
be collectively referred to as a memory.

According to the embodiments of this application, the
computer device 1200 may further be connected, through a
network such as the Internet, to a remote computer on the
network. That is, the computer device 1200 may be con-
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nected to a network 1212 by using a network interface unit
1211 connected to the system bus 1205, or may be connected
to another type of network or a remote computer system (not
shown) by using a network interface unit 1211.

The memory further includes at least one instruction, at
least one segment of program, a code set or an instruction
set, the at least one instruction, the at least one segment of
program, the code set or instruction set is stored in the
memory, and is configured to be executed by one or more
processors, so as to implement the foregoing image process-
ing method or the foregoing path planning method.

In an exemplary embodiment, a non-transitory computer
readable storage medium is further provided, where at least
one instruction, at least one segment of program, a code set
or an instruction set is stored in the storage medium, and the
at least one instruction, the at least one segment of program,
the code set or instruction set is loaded and executed by a
processor to implement the foregoing image processing
method or the foregoing path planning method.

In an example, the non-transitory computer readable
storage medium may include: a read-only memory (ROM),
a random access memory (RAM), a solid slate drive (SSD),
an optical disc, or the like. The RAM may include a
resistance random access memory (ReRAM) and a dynamic
random access memory (DRAM).

In an exemplary embodiment, a computer program prod-
uct or a computer program is provided. The computer
program product or the computer program includes com-
puter instructions, and the computer instructions are stored
in a non-transitory computer readable storage medium. The
processor of the computer device reads the computer
instructions from the computer readable storage medium,
and the processor executes the computer instructions, so that
the computer device executes the image processing method
in any one of the foregoing embodiments or the foregoing
path planning method.

It is to be understood that “plurality of” mentioned in the
specification means two or more. And/or describes an asso-
ciation relationship for describing associated objects and
represents that three relationships may exist. For example, A
and/or B may represent the following three cases: Only A
exists, both A and B exist, and only B exists. The character
“/” generally indicates an “or” relationship between the
associated objects. In addition, the step numbers described
in this specification merely schematically show a possible
execution sequence of the steps. In some other embodi-
ments, the steps may not be performed according to the
number sequence. For example, two steps with different
numbers may be performed simultaneously, or two steps
with different numbers may be performed according to a
sequence contrary to the sequence shown in the figure. This
is not limited in the embodiments of this application.

The foregoing descriptions are merely exemplary
embodiments of this application, but are not intended to
limit this application. Any modification, equivalent replace-
ment, or improvement made within the spirit and principle
of this application shall fall within the protection scope of
this application.

What is claimed is:

1. A method of depth map completion, comprising:

receiving, by processing circuitry of an information pro-

cessing apparatus, a color map and a sparse depth map
that are corresponding to a target scenario;

adjusting, by the processing circuitry of the information

processing apparatus, resolutions of the color map and
the sparse depth map to generate n pairs of color maps
and sparse depth maps of n different resolutions, each
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pair including one color map and one sparse depth map
of a respective same resolution of the n different
resolutions, n being a positive integer greater than 1;

processing, by the processing circuitry of the information
processing apparatus, the n pairs of the color maps and
the sparse depth maps to generate n prediction result
maps using a cascade hourglass network including n
levels of hourglass networks cascaded together, each of
the n pairs being an input to a respective one of the n
levels of the hourglass networks to generate the respec-
tive one of the n prediction result maps, the n prediction
result maps each including a dense depth map of the
same resolution as the corresponding pair; and

generating, by the processing circuitry of the information
processing apparatus, a final dense depth map corre-
sponding to the target scenario according to the dense
depth maps of the n prediction result maps, wherein

each input to a first one of the n levels of hourglass
networks consists of a first pair of a first color map and
a first sparse depth map,

the first pair is one of the n pairs of color maps and sparse

depth maps, and

each input to the first one of the n levels of hourglass

networks is of a first resolution.
2. The method according to claim 1, wherein a current-
level hourglass network in the cascade hourglass network is
configured to process the prediction result map received
from a previous-level hourglass network in the cascade
hourglass network and the pair of the color map and the
sparse depth map input to the current-level hourglass net-
work, to obtain the prediction result map corresponding to
the current-level hourglass network.
3. The method according to claim 1, wherein the process-
ing comprises:
invoking an i-th level of the hourglass network in the n
levels of hourglass networks to process an i-th pair of
the color map and the sparse depth map of an i-th
resolution in the n pairs to obtain an i-th prediction
result map of the i-th resolution in the n prediction
result map, 1 being a positive integer smaller than n;

converting the i-th resolution of the i-th prediction result
map to an (i+1)-th resolution to obtain a converted
prediction result map; and

invoking an (i+1)-th hourglass network to process the

converted prediction result map and an (i+1) the pair of
the color map and the sparse depth map to obtain an
(i+1)-th prediction result map.

4. The method according to claim 3, wherein the (i+1)-th
hourglass network comprises an initial layer, a downsam-
pling layer, an upsampling layer, and a prediction layer, and

the invoking the (i+1)-th hourglass network comprises:

performing fusion processing on the converted prediction
result map and the (i+1) the (i+1)-th pair of the color
map and the sparse depth map by using the initial layer,
to obtain a fused feature map;

performing downsampling on the fused feature map by

using the downsampling layer to obtain a downsampled
feature map;

performing upsampling on the downsampled feature map

by using the upsampling layer to obtain a feature map
of the (i+1)-th resolution; and

predicting by using the prediction layer the (i+1)-th

prediction result map based on the feature map of the
(i+1)-th resolution.

5. The method according to claim 4, wherein one or more
of the n prediction result maps each further comprise a
feature guide map of the same resolution of the respective
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pair, the feature guide map being used for guiding filling of
pixels in a sparse depth map; and

the performing fusion processing comprises:

combining a feature guide map in the converted predic-

tion result map and the color map of the (i+1)-th pair to
obtain a first feature map;

combining the dense depth map in the converted predic-

tion result map and the sparse depth map of the (i+1)-th
pair to obtain a second feature map; and

performing fusion processing on the first feature map and

the second feature map by using the initial layer, to
obtain the fused feature map, the fused feature map
comprising a first feature map part and a second feature
map part, and downsampling being separately per-
formed on the first feature map part and the second
feature map part in a case of passing through the
downsampling layer.

6. The method according to claim 4, wherein the down-
sampling layer comprises a first downsampling layer and a
second downsampling layer, and the upsampling layer com-
prises a first upsampling layer and a second upsampling
layer, and the method further comprises:

combining an output of the first downsampling layer and

an output of the second upsampling layer by using a
residual connection, to obtain an input to the prediction
layer; and

combining an output of the second downsampling layer

and an output of the first upsampling layer by using the
residual connection, to obtain an input to the second
upsampling layer.

7. The method according to claim 3, wherein the convert-
ing the i-th resolution of the i-th prediction result map
comprises:

performing upsampling on the i-th prediction result map

to obtain the converted prediction result map.

8. The method according to claim 1, wherein n is equal to
2, the n resolutions comprise the first resolution and a second
resolution, the first resolution is different from the second
resolution, and the cascade hourglass network comprises a
level-1 hourglass network that is the first one of the n levels
of hourglass networks and a level-2 hourglass network that
are cascaded, and

the processing comprises:

invoking the level-1 hourglass network to process the first

pair of the first color map and the first sparse depth map
to obtain a first prediction result map in the first
resolution;

converting the resolution of the first prediction result map

into the second resolution to obtain a converted pre-
diction result map in the second resolution; and
invoking the level-2 hourglass network to process the
converted prediction result map and a second pair of
the color map and the sparse depth map to obtain a
second prediction result map in the second resolution.

9. The method according to claim 1, wherein the gener-
ating comprises:

converting resolutions of ones of the n dense depth maps

in the n prediction result maps into a preset resolution
to obtain a set of dense depth maps in the preset
resolution; and

combining the set of the dense depth maps in the preset

resolution by using a residual connection, to obtain the
final dense depth map corresponding to the target
scenario.
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10. The method according to claim 1, wherein a training
process of the cascade hourglass network comprises:
calculating, for a level-k hourglass network in the n levels
of the hourglass networks, a predicted loss value of the
level-k hourglass network according to a sparse depth
map of a k-th resolution in the n different resolutions
and a dense depth map of the k-th resolution, the
predicted loss value being used for representing a
prediction error of predicting the dense depth map of
the k-th resolution by using the sparse depth map of the
k-th resolution, and k being a positive integer smaller
than or equal to n;

calculating a predicted loss value of the cascade hourglass
network according to weight parameters and predicted
loss values of each of the n hourglass networks, the
weight parameters each corresponding to one of the
predicted loss values of the n hourglass networks; and

adjusting parameters of the cascade hourglass network
according to the predicted loss value of the cascade
hourglass network.

11. An apparatus for information processing, comprising:

processing circuitry configured to

receive a color map and a sparse depth map that are
corresponding to a target scenario;

adjust resolutions of the color map and the sparse depth
map to generate n pairs of color maps and sparse
depth maps of n different resolutions, each pair
including one color map and one sparse depth map of
a respective same resolution of the n different reso-
lutions, n being a positive integer greater than 1;

process the n pairs of the color maps and the sparse
depth maps to generate n prediction result maps
using a cascade hourglass network including n levels
of hourglass networks cascaded together, each of the
n pairs being input to a respective one of the n levels
of the hourglass networks to generate the respective
one of the n prediction result maps, the n prediction
result maps each including a dense depth map of the
same resolution as the corresponding pair; and

generate a final dense depth map corresponding to the
target scenario according to the dense depth maps of the
n prediction result maps, wherein
each input to a first one of the n levels of hourglass

networks consists of a first pair of a first color map and

a first sparse depth map,

the first pair is one of the n pairs of color maps and sparse

depth maps, and

each input to the first one of the n levels of hourglass

networks is of a first resolution.

12. The apparatus according to claim 11, wherein a
current-level hourglass network in the cascade hourglass
network is configured to process the prediction result map
received from a previous-level hourglass network in the
cascade hourglass network and the pair of the color map and
the sparse depth map input to the current-level hourglass
network, to obtain the prediction result map corresponding
to the current-level hourglass network.

13. The apparatus according to claim 11, wherein the
processing circuitry is further configured to:

invoke an i-th level of the hourglass network in the n

levels of hourglass networks to process an i-th pair of
the color map and the sparse depth map of an i-th
resolution in the n pairs to obtain an i-th prediction
result map of the i-th resolution in the n prediction
result map, I being a positive integer smaller than n;

15

20

40

45

55

28

convert the i-th resolution of the i-th prediction result map
to an (i+1)-th resolution to obtain a converted predic-
tion result map; and

invoke an (i+1)-th hourglass network to process the

converted prediction result map and an (i+1)-th pair of
the color map and the sparse depth map to obtain an
(i+1)-th prediction result map.

14. The apparatus according to claim 13, wherein the
(i+1)-th hourglass network comprises an initial layer, a
downsampling layer, an upsampling layer, and a prediction
layer, and

the processing circuitry is further configured to:

perform fusion processing on the converted prediction
result map and the (i+1)-th pair of the color map and
the sparse depth map by using the initial layer, to
obtain a fused feature map;

perform downsampling on the fused feature map by
using the downsampling layer to obtain a down-
sampled feature map;

perform upsampling on the downsampled feature map
by using the upsampling layer to obtain a feature
map of the (i+1)-th resolution; and

predict by using the prediction layer the (i+1)-th pre-
diction result map based on the feature map of the
(i+1)-th resolution.

15. The apparatus according to claim 14, wherein one or
more of the n prediction result maps each further comprise
a feature guide map of the same resolution of the respective
pair, the feature guide map being used for guiding filling of
pixels in a sparse depth map; and

the processing circuitry is further configured to:

combine a feature guide map in the converted predic-
tion result map and the color map of the (i+1)-th pair
to obtain a first feature map;

combine the dense depth map in the converted predic-
tion result map and the sparse depth map of the
(i+1)-th pair to obtain a second feature map; and

perform fusion processing on the first feature map and
the second feature map by using the initial layer, to
obtain the fused feature map, the fused feature map
comprising a first feature map part and a second
feature map part, and downsampling being sepa-
rately performed on the first feature map part and the
second feature map part in a case of passing through
the downsampling layer.

16. The apparatus according to claim 14, wherein the
downsampling layer comprises a first downsampling layer
and a second downsampling layer, and the upsampling layer
comprises a first upsampling layer and a second upsampling
layer, and the processing circuitry is further configured to:

combine an output of the first downsampling layer and an

output of the second upsampling layer by using a
residual connection, to obtain an input to the prediction
layer; and

combine an output of the second downsampling layer and

an output of the first upsampling layer by using the
residual connection, to obtain an input to the second
upsampling layer.

17. The apparatus according to claim 13, wherein the
processing circuitry is further configured to:

perform upsampling on the i-th prediction result map to

obtain the converted prediction result map.

18. The apparatus according to claim 11, wherein n is
equal to 2, the n resolutions comprise the first resolution and
a second resolution, the first resolution is different from the
second resolution, and the cascade hourglass network com-
prises a level-1 hourglass network that is the first one of the
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n levels of hourglass networks and a level-2 hourglass
network that are cascaded, and the processing circuitry is
further configured to:
invoke the level-1 hourglass network to process the first
pair of the first color map and the first sparse depth map
to obtain a first prediction result map in the first
resolution;
convert the resolution of the first prediction result map
into the second resolution to obtain a converted pre-
diction result map in the second resolution; and
invoke the level-2 hourglass network to process the con-
verted prediction result map and a second pair of the
color map and the sparse depth map to obtain a second
prediction result map in the second resolution.
19. The apparatus according to claim 11, wherein the
processing circuitry is further configured to:
convert resolutions of ones of the n dense depth maps in
the n prediction result maps into a preset resolution to
obtain a set of dense depth maps in the preset resolu-
tion; and
combine the set of the dense depth maps in the preset
resolution by using a residual connection, to obtain the
final dense depth map corresponding to the target
scenario.
20. A non-transitory computer-readable storage medium
storing instructions, which when executed by at least one
processor, cause the at least one processor to perform:
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receiving a color map and a sparse depth map that are
corresponding to a target scenario;

adjusting resolutions of the color map and the sparse
depth map to generate n pairs of color maps and sparse
depth maps of n different resolutions, each pair includ-
ing one color map and one sparse depth map of a
respective same resolution of the n different resolu-
tions, n being a positive integer greater than 1;

processing the n pairs of the color maps and the sparse
depth maps to generate n prediction result maps using
a cascade hourglass network including n levels of
hourglass networks cascaded together, each of the n
pairs being input to a respective one of the n levels of
the hourglass networks to generate the respective one
of the n prediction result maps, the n prediction result
maps each including a dense depth map of the same
resolution as the corresponding pair; and

generating a final dense depth map corresponding to the
target scenario according to the dense depth maps of the
n prediction result maps, wherein

each input to a first one of the n levels of hourglass
networks consists of a first pair of a first color map and
a first sparse depth map,

the first pair is one of the n pairs of color maps and sparse
depth maps, and

each input to the first one of the n levels of hourglass
networks is of a first resolution.
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